Abstract
Introduction
Electrical activity within the heart generated in the atria and propagated throughout the heart can be captured at body surface. A time-series representation of these activity, i.e. the electrocardiogram (ECG), comprises different waveforms representing depolarization and repolarization of different sections of the heart. Detection of heartbeats brings useful information that enables studies such as heart rate variability (HRV), cardiac disease diagnostics and the detection of ectopic beats such as premature ventricular contractions (PVC). The QRS complex is the most distinct waveform in the ECG. It corresponds to the contraction of ventricles, and has been mainly used for automatic heartbeat detection. However, the detection of R-waves is not an easy task as perturbations such as power-line interference and base-line wandering can be present in the ECG.
Over the years many R-wave detection algorithms have been proposed. A review of traditional approaches can be found in [1] [2] . From basic derivative to complex approaches such as time-frequency analysis, generally the ECG at hand is first filtered by either low-pass filtering in order to remove high frequency activities and remove the effect of power-line interference, or by band-pass filtering to remove the effect of baseline wandering as well as the aforementioned unwanted activities. Then, the filtered ECG is further analyzed in order to extract the Rwaves using heuristically chosen features. Pan and Tompkins proposed a detection approach based on the analysis of slope, amplitude and width of the QRS-complexes [3] . Mathematical morphology methods benefit from the shape and location of fiducial points in the QRS-complex and used them to extract R-waves [4] [5] . Filter bank and Wavelet methods detect QRS-complexes by investigating modulus maxima in respectively different sub-bands and wavelet scales [6] [7] .
All QRS complex detection methods aim at finding a suitable mathematical description which can identify the R-wave in the ECG while suppressing perturbations and other ECG waveforms, i.e. P-,T-and U-waves. While complex methods have proven to be powerful R-wave detectors, they are not suitable for low cost and energy consumption scenarios such as body area networks (BAN). In BANs computation cost and power consumption set the limits and therefore fast, energy efficient and yet robust methods are only considered as suitable candidates. In this paper, we aim at proposing a novel, fast and efficient algorithm that can be used as an R-wave detection method or as a preprocessing tool to other R-wave detection methods. The proposed method works based on the relative shortand long-term energies in the ECG and aims at suppressing perturbation while enhancing ECG R-waves.
Methods

Evaluation Data
In order to evaluate the proposed method, the publicly available database of MIT/BIH-arrhythmia database was used [8] . Over the years, this database has become a standard database on which several algorithms have reported their results. The MIT/BIH arrhythmia database has a set of 48 two-lead ECG recordings with a length of 30 minutes with a sampling frequency of 360 Hz and 11-bit resolution within the range of 10 mv. The evaluation on this database was performed on the first lead, which is either a modified lead II or lead V5, and results were checked with the reference annotation file provided for this database.
Method Outline
By analyzing the QRS complex in noisy ECG recordings, we came to the understanding that even in cases where severe levels of noise are presents in the ECG, QRS complexes are discernible due to the impulsiveness of Rwaves. In other words there is a meaningful difference between the baseline power and that of a QRS complex. The proposed method in this paper, referred to as the relative energy algorithm, works on this basis.
Using two sliding windows, short-and long-term signal energy powers are calculated for each sample in the ECG. For each sample a coefficient signal is created using Eq. 1.
Where n represents the n th sample of Sig. Parameters s win and l win are respectively half of the length of short and long sliding windows.
In our study, the short sliding window has a duration of 150ms while the longer sliding window has a one second duration. Afterwards, the non-negative coefficient signal is divided by its maximum value in order for it to have a range of [0, 1]. Finally, the enhanced ECG is calculated by multiplying the coefficient signal and the original ECG. As QRS complexes have relatively higher energy in comparison with P-, T-waves and the noise in the signal, the coefficient signal values are close to one where QRS complexes take place in the ECG while smaller elsewhere. Fig.1 illustrates an example of ECG enhancement based on the short-long term relative energy on a noisy part of tape 104 of the MIT/BIH arrhythmia database.
3.
Results and discussion
In order to evaluate the proposed algorithm on the MIT/BIH arrhythmia database, first ECGs were high-pass filtered with a 4Hz cutoff frequency followed by applying the relative energy algorithm. Then, the R-waves were extracted from the output by finding peaks with normalized amplitude greater than 0.02 and a minimum distance of 250ms. Tape-by-tape results are reported in table 1. In this table, the detection error rate (DER) as well as sensitivity (Se) and positive prediction value (PPV), calculated through Eq. 2-4, were used for evaluation.
where TP, FN and FP respectively represent true positive, false negative, and false positive beats calculated based on the reference annotation file. Table 2 compares the performance obtained by our algorithm with that of well-known QRS detection methods. As shown in this table, the relative energy algorithm leads to robust ECG R-wave extraction with results comparable to that of the state-of-the art.
Results reported in tables 1 and 2, suggest that the proposed method can efficiently extract R-waves from the ECG. In order to find out how the proposed method performs when perturbations are present the ECG, we evaluated it against white and synthetic electromyographic (EMG)noise, created by fitting an autoregressive model on EMG recordings from the Physionet/CinC2014 challenge database [15] . Using clean segments of ECGs in the MIT/BIH arrhythmia database, different levels of noise, from an input signal-to-noise ratio (SNR) of 100 to -20, were incrementally added to the ECG. Then, R-wave extraction performance was tested against Pan-Tompkins algorithm and the hybrid Pan-Tompkins/relative shortlongterm energy algorithm, in which the output of the proposed method was used as the input to the Pan-Tompkins QRS detection algorithm. Results show robust extraction of R-waves up to an input SNR of 0 or below, both against white and synthetic EMG noises. Figure 2 illustrates the performance of the hybrid algorithm and compares it with Pan-Tompkins. In this example, an EMG noise was added to tape 100 from the MIT/BIH arrhythmia database making an input SNR of -0.12. Since the number of extracted R-waves are different in the top three sub-figures, the cal-culated RR-intervals were uniformly sampled in time in order to have a more sensible comparison. As seen in this figure, the RR-interval extraction is significantly improved when the hybrid approach is applied to the ECG, with similar results on white noise. This simply defined algorithm can be used to make R-wave extraction more robust.
Conclusion
In this paper, we propose a simple preprocessing tool that uses the ratio between short-and long-term ECG energies in order to suppress perturbations and make QRS complexes more prominent in the ECG. The proposed method is simply defined and can be easily computed, making it a suitable preprocessing tool for QRS complex detection algorithms. Using two simple thresholds on the output of the proposed method, an efficient R-wave extractor was created and evaluated on the MIT/BIH arrhythmia database. With sensitivity of 99.87% and a detection error rate of 0.28%, the proposed method obtained results comparable to more complex state-of-the-art algorithms.
